There is a relation of vegetation physiognomies with soil and geological conditions that can be represented spatially with the support of remote sensing data. The goal of this research was to map vegetation physiognomies in a mountainous area by using Sentinel-2 Multispectral Instrument (MSI) data and morphometrical covariates through data mining techniques. The research was based on red-edge (RE) bands, and indices, to classify phytophysiognomies at two taxonomic levels. The input data was pixel sampled based on field sample sites. Data mining procedures comprised covariate selection and supervised classification through the Random Forest model. Results showed the potential of bands 3, 5, and 6 to map phytophysiognomies for both seasons, as well as Green Chlorophyll (CLg) and SAVI indices. NDVI indices were important, particularly those calculated with bands 6, 7, 8, and 8A, which were placed at the RE position. The model performance showed reasonable success to Kappa index 0.72 and 0.56 for the first and fifth taxonomic level, respectively. The model presented confusion between Broadleaved dwarf-forest, Parkland Savanna, and Bushy grassland. Savanna formations occurred variably in the area while Bushy grasslands strictly occur in certain landscape positions. Broadleaved forests presented the best performance (first taxonomic level), and among its variation (fifth level) the model could precisely capture the pattern for those on deep soils from gneiss parent material. The approach was thus useful to capture intrinsic soil-plant relationships and its relation with remote sensing data, showing potential to map phytophysiognomies in two distinct taxonomic levels in poorly accessible areas.
Introduction
Tropical regions in mountainous relief are considered of great importance for the conservation of natural resources, presenting high biological diversity and endemism index, propitiated by the variety of environments associated to abiotic and biotic factors [1] [2] [3] . Some of these regions present a specific physiognomy called a nebular forest. These are areas with climatic and topographic This spectral interval is defined as red-edge (RE). The RE comprises a spectral range composed of bands located between the maximum red absorption and the high reflectance of the near-infrared (NIR). Fernandez-Manso et al. (2016) , Frampton et al. (2013) , and Clevers and Gitelson (2012) [26] [27] [28] proposed several indices derived from spectral bands at the RE to study canopy chlorophyll content and leaf area index.
The use of remote sensing data is justified to map vegetation at more detailed scales, since at the macroscale (regional and continental) the vegetation types are mainly controlled by climate conditions [29] . However, the heterogeneity of vegetation at detailed scales can be highly dependent on pedological control due the availability of water and nutrients [30] . The innovation of this study lies in the use of RE indices and the Sentinel-2 MSI bands, as well as in quantitatively explaining the relation among vegetation physiognomies and soil-landscape patterns, aiding taxonomic classification at more detailed levels, where climate conditions do not explain the physiognomy variability. The justification to use more detailed taxonomic classification adapted to the region was based on the relation between phytophysiognomies, which is directly related to soil properties on a local scale, especially soil depth in the case of the ISP.
Following the increased trend of remote sensing data availability, the phenological remote sensing-based studies are also increasing, as are the different time-scale approaches according to the sensors used [12, 20, [31] [32] [33] . Inspired by the challenge to map vegetation types in a complex relief by using remote sensing data and data mining tools, this research aims to classify vegetation types at two taxonomic levels, according to Oliveira Filho (2009) [1] .
The objective of this study was thus to analyze the spatial distribution of different phytophysiognomies, in a heterogeneous landscape with a complex relief due to strong geological control over morphogenetic and pedogenetic processes, by using field-collected data, landscape information, and remote sensing data, particularly, red-edge indices for the ISP, in Minas Gerais, Brazil.
Materials and Methods

Study Area and Phytoecological Relationships
The ISP is located between coordinates 21 • The climate is classified as Cwb, according to Köppen classification with cold and dry winters, and warm and wet summers, with an annual average temperature of 18.9 • C [34] . The study of Rodela and Tarifa (2002) [35] defined three climatic compartments, directly related to the elevation (Figure 2a) . A geographic information system (GIS) was used to obtain numerical surface models to represent morphometrical parameters such as elevation and slope, derived from a hydrological consistent digital elevation model (DEM). The hydrologically consistent elevation model was used to derive land surface attributes, such as slope, Geomorphons, Landforms, and for this reason a sequence of intermediate layers (flow accumulation, flow direction, and sinks) were calculated to detect spurious depressions.
area (unpublished) detected a direct correlation among these landscape attributes and soil properties and classes. The parameters used to create the Landforms map were the default (radius A = 0, 100 m; radius B = 0, 1000 m; no distance weighting). The Geomorphon map was defined with 30 cells search radius and the default relief threshold value (1°), or flatness threshold (difference, in degrees, between zenith and nadir line-of-sight in the horizontal direction). More detail about Geomorphon landform classification is given by Jasiewicz and Stepinski (2013) [38] . According to the World Reference Base [39] , mineral soils in the park are mostly sandy soils, including Regosols, Arenosols, and Podzols, overlying Quartzite rocks. However, Cambisols with micaceous minerals overly punctual Gneiss outcrops in the central and southern portion of the park, while Histosols are found at high elevations ( Figure 2d , [40] ). Nummer (1991) [17] and Pinto (1991) [41] defined two main tectonostratigraphic units in the ISP area, comprising quartzite (with micaceous or/and coarse granulated facies), and gneiss (weathered and punctual occurrences at the central and southern portions of the park) presented in Figure 2e . Figure 2f presents the detail field sampling points for vegetation, soil, and geology in November 2018 and April 2019.
The field campaigns were performed by using a methodology adequate to studies in poorly accessible areas. The selection of 30 sampling points was performed through the cLHS technique proposed by Minasny and McBratney (2006) and Roudier et al. (2012) [22, 23] ; where a sample set was defined by considering the feasibility of accessing a representative sample site. The algorithm was executed in the R program through the cLHS package. To set the parameters for conditioning the sampling scheme, an accessible area was defined by a buffer of 30 m around mapped trails, the number of sample points (30) , correlation and data weight (0.5 and 1.0 respectively), and the number of iterations (10,000).
Landsat 8 images (sensor OLI) with 30 m spatial resolution (September 14, 2017), particularly bands 4, 5, and 6 (visible + infrared) were used to select the field sample points by cLHS stratification. The image corrections routine applied was the same of Sentinel-2 MSI, described in Section 2.3. All these analyses were done within the park boundary (available on the website of the National Register of Conservation Units-CNUC) and from the BIASFORTES topographic chart (SF23-XC-VI), on a 1:50,000 scale, available from the Brazilian Army Geographic Database (BDGEx). The DEM, with a spatial resolution of 10 m, was obtained by interpolation in the ArcGIS Desktop v.10.3 (TopotoRaster) using as input data elevation points and 20 m contour lines. Spurious depressions resulting from the interpolation procedure were corrected to obtain a hydrologically consistent model (Figure 2b ) using the Hidrology toolbox in ArcGIS. Products such as synthetic shading (hillshade), and slope ( Figure 2c) were derived from the consistent hydrological DEM. In addition, Landforms and Geomorphons maps were calculated from the DEM, in SAGA-GIS [36] and GRASS-GIS [37] respectively. Both maps were used to represent geomorphological aspects of the area in more detail, since geology and soil maps are only available at coarse scales. Previous studies by the authors in the area (unpublished) detected a direct correlation among these landscape attributes and soil properties and classes. The parameters used to create the Landforms map were the default (radius A = 0, 100 m; radius B = 0, 1000 m; no distance weighting). The Geomorphon map was defined with 30 cells search radius and the default relief threshold value (1 • ), or flatness threshold (difference, in degrees, between zenith and nadir line-of-sight in the horizontal direction). More detail about Geomorphon landform classification is given by Jasiewicz and Stepinski (2013) [38] .
According to the World Reference Base [39] , mineral soils in the park are mostly sandy soils, including Regosols, Arenosols, and Podzols, overlying Quartzite rocks. However, Cambisols with micaceous minerals overly punctual Gneiss outcrops in the central and southern portion of the park, while Histosols are found at high elevations (Figure 2d , [40] ). Nummer (1991) [17] and Pinto (1991) [41] defined two main tectonostratigraphic units in the ISP area, comprising quartzite (with micaceous or/and coarse granulated facies), and gneiss (weathered and punctual occurrences at the central and southern portions of the park) presented in Figure 2e . Figure 2f presents the detail field sampling points for vegetation, soil, and geology in November 2018 and April 2019. slope were considered to distinguish different landscape conditions. More details about this technique are given by Cambule et al. (2013) [21] and Costa et al. (2019) [25] .
The field campaigns were executed in 2018 and 2019, during the wet and dry seasons by a multidisciplinary team with a pedologist, geologists, and forest engineers to classify the vegetation and to support the inferences about the landscape conditions defining the distinct phytophysiognomies at the sample sites. [40] ; (e) geological map, adapted from [17, 41] ; (f) field sampling points.
Taxonomic Classification of Phytophysiognomies
The taxonomic classification system adopted in this study was proposed by Oliveira-Filho (2009) adapted to tropical South American and subtropical cis-Andean regions [1] . The classification was used due to it being better adapted to environments with high heterogeneity especially in plant communities such as in the ISP region, to grasp with data mining techniques (Random Forest model). In this system, it is possible to combine several hierarchical attributes to meet a wide variety of spatial scale and respective levels of detail [1, 2] .
The first hierarchical attributes observed for the phytophysiognomies classification are the climatic regime, altitude, and thermic domain. The ISP occurs at altitudes higher than 1100 m and is located between 12° and 24° South, conferring the classification of "Tropical Upper Highlands" to the [40] ; (e) geological map, adapted from [17, 41] ; (f) field sampling points.
Landsat 8 images (sensor OLI) with 30 m spatial resolution (September 14, 2017), particularly bands 4, 5, and 6 (visible + infrared) were used to select the field sample points by cLHS stratification. The image corrections routine applied was the same of Sentinel-2 MSI, described in Section 2.3. Landsat 8 was used in the preliminary phase to guide the field campaign, despite the poorer spatial and spectral resolution of Landsat 8, compared with Sentinel-2 MSI. All images (Landsat 8 and Sentinel-2 MSI) were acquired from the USGS website [42] . Additionally, the elevation (DEM) and slope were considered to distinguish different landscape conditions. More details about this technique are given by Cambule et al. (2013) [21] and Costa et al. (2019) [25] .
The field campaigns were executed in 2018 and 2019, during the wet and dry seasons by a multidisciplinary team with a pedologist, geologists, and forest engineers to classify the vegetation Remote Sens. 2019, 11, 2448 6 of 24 and to support the inferences about the landscape conditions defining the distinct phytophysiognomies at the sample sites.
The first hierarchical attributes observed for the phytophysiognomies classification are the climatic regime, altitude, and thermic domain. The ISP occurs at altitudes higher than 1100 m and is located between 12 • and 24 • South, conferring the classification of "Tropical Upper Highlands" to the thermic domain. The climatic regime of all ISP vegetal formations was classified as "Cloud" because they occur in areas where the horizontal precipitation is higher than 30% and present less than 80 days of drought per year. Foliar Renewal was another attribute to classify vegetation types, where two classes were detected in this study. The phytophysiognomies that present between 30% and 60% of leaf fall in the dry season was classified as "Semi-deciduous", while those where less than 30% of the leaf mass is released in the same season are called "Perennial". Among the phytophysiognomies evaluated in this study, only the savannas belong to the "Semi-deciduous" class [2] . The last attribute evaluated in the field study was the Substrate where the phytophysiognomies were established at more detailed levels (Fifth taxonomic level). Substrates with soil depth ≥0.5 m were referred to as "Deep soils" and "Shallow soils" were <0.5 m, while bare and fragmented rocks with sediments were classified as "Rocky" [1] .
At the ISP area, the general phytophysiognomies, according to [1] , comprise Bushy grassland; Broadleaved scrub; Shrubland savanna; Parkland savanna; Broadleaved dwarf-forest; and Broadleaved forest. The general phytophysiognomies, the detailed classification and the number of sample sites for each class are presented in Table 1 . The woody biomass is predominant, but the trees do not form a continuous canopy. The shrubs are abundant, and the bush forms an almost continuous vegetation cover.
Parkland savanna over shallow soils (SLs) [1] . N **: number of sample sites for each class identified along with field campaigns.
Remote Sensing Data and Processing
The images used to classify the vegetation phytophysiognomies were captured by the Sentinel-2A MSI (Multi-Spectral Instrument) sensor on September 6, 2017 (dry season) and Sentinel-2B MSI on December 10, 2017 (wet season) acquired from the ESA Sentinels Scientific Data Hub through the Earth Explorer platform [43] . Bands are available with geometric corrections (including orthorectification). Atmospheric correction was carried out using the AtmCor4MSI software [44] implemented based on the 6S radiative transfer code proposed by Vermote et al. (1997) [45] . For this correction a tropical gaseous atmosphere and a continental aerosol model was used, with a horizontal visibility of 18 km for the dry and wet season images. The resulting image was in surface reflectance stores of 16 bits. It calculates the atmospheric correction based on the radiance level in the sensor as a function of illumination, visualization, and atmospheric conditions on the day of capture. Next, spectral red-edge indices were computed (Table 2) . Table 2 . Vegetation indices derived from the Sentinel-2 MSI (Multi-Spectral Instrument) spectral bands.
Vegetation Index Sentinel-2 MSI Bands Reference
Normalized difference vegetation index (NDVI1)
Normalized difference vegetation index (NDVI2)
The red-edge spectrum position is characterized by wavelet size. Further details regarding central wavelength, bandwidth, and resolution can be obtained from the USGS Website [42] 
Supervised Phytophysiognomies Classification
Supervised classification [1] through the data mining algorithm and by adopting two taxonomic levels was used, to support the spatial analysis of vegetation distribution corresponding to Physiognomies (First Taxonomic Level) and Substrate Attributes (Fifth Taxonomic Level) and as presented in Table 1 .
The collection of pixel samples to apply the supervised classification procedure was focused on capturing the different vegetation types (at two taxonomic levels) by using environmental variables as auxiliary information. Based on the field sampled points, polygons were created around the sample points to increase the number of samples used in the data mining steps, carefully respecting the main trend on the covariate's values aiming to grasp the occurrence patterns of the different physiognomy types regarding spectral response and landscape conditions.
The stratification of phytophysiognomies types was performed based on field data and photointerpretation to delineate areas of homogeneous pixel tonality around the field data, that were separated first at the general taxonomic level, then at the detailed level. The sampling was done by visual inspection of the pixels around the sample sites, and by alternating the layers of the Sentinel bands and indices. At the end of this procedure 10 polygons, of approximately 1000 m 2 each, around field truth sample sites were created to represent the physiognomy types for each taxonomic level. As the physiognomy types occur disproportionately, some types were not adequately represented and were therefore selected manually. From those polygons, a portion were randomly selected and used to train (seven polygons) and validate (three polygons) the final model.
Pixel sampling was performed based on vectorized polygons, that were converted to point samples respecting the spatial resolution adopted for all layers used (10 m). The values of remote sensing indices and bands, and terrain covariates (DEM, Slope, Landforms, Geomorphons) were associated with each point data through Extract Values to Point toolbox in ArcGIS. Thematic maps on the coarse scale were not used as covariates in the predictive model, but the geomorphology represented by Geomorphons and Landforms categorical maps comprise geology and soil aspects due to the influence of relief resulting forms.
At the end of the sampling step from the total samples collected, 420 points and 560 points for the training dataset (for first and fifth taxonomic level, respectively), while 180 and 240 points for the validation dataset (for first and fifth taxonomic level, respectively) were selected, comprising a ratio of 70% and 30% respectively. The difference among the input samples for the different taxonomic levels was due to efforts to achieve sample balancing for each considered class, since for the detailed taxonomic level a largest number of classes has been designated.
After this procedure, Pearson's correlation at 95% significance level was executed through "corrplot" package in the R environment [48] to aid the selection of potential covariates to use in data mining procedures through the Random Forest algorithm. The selection of covariates was performed in two steps: (i) remove from the input dataset the covariates highly correlated among each other, to avoid redundant predictors; (ii) assessment of the covariates' importance aiming to reduce from the dataset the covariates with low importance to distinguish phytophysiognomies types by analyzing the contribution of each covariate to improve the classification accuracy. The final covariates dataset was obtained from these procedures and used in data mining steps, which comprises the statistical modelling of phytophysiognomies occurrence at the ISP area.
The data mining algorithm used to classify the vegetation types at the two detail levels was Random Forest model (RF), executed in R environment [48] through the "randomForest" package [49] . RF is a non-parametric technique developed as an extension of CART (Classification and Regression Trees) systems [50] , to improve the performance of the predictors. To implement the RF model, three parameters are necessary: the number of trees in the forest (ntree); the minimum amount of data in each terminal node (nodesize); and the number of covariates used in each tree (mtry) [49] . The ntree value was set to the system default (500) [51] . The nodesize value was set to five for each terminal node, and the mtry value chosen in this study was according to Liaw and Wiener (2002) [49] , which propose an amount corresponding to the root square of the total number of predictor variables.
The approach to mapping the vegetation have two instances. One is related to the covariate's redundancy, aiming to simplify the model by removing the redundant covariates whenever possible according to the Occam's razor statement, which preconizes that the simplest model should be chosen among others [52] . The covariates selection is performed by contrasting the correlation of each high related covariate, and all other covariates from the dataset, the variable with the highest significance is kept in the dataset [53] . For this reason the redundant covariates were firstly removed by correlation analysis and then the covariates with low importance were removed based on the rank provided by the Random Forest model that presents the contribution of each covariate on the model's accuracy and Gini coefficient, which considers the node purity, i.e., the homogeneity from the covariates to each tree node. Those covariates that result in nodes with higher purity have a higher decrease in the Gini coefficient. The covariates used in the final model were selected from the correlation, and their importance to the classification procedure analyzed based on the rank provided by the RF model.
The assessment of the model's performance was to evaluate the statistical indices and the coherence of the cartographical product to represent the vegetation types at the two distinct taxonomic levels. The statistical indices used were overall and kappa indices obtained from a confusion matrix, according to Monserud and Leemans (1992) [54] . All these procedures were performed firstly to the phytophysiognomies general level, then to the more detailed level according to Oliveira Filho correlation, and their importance to the classification procedure analyzed based on the rank provided by the RF model. The assessment of the model's performance was to evaluate the statistical indices and the coherence of the cartographical product to represent the vegetation types at the two distinct taxonomic levels. The statistical indices used were overall and kappa indices obtained from a confusion matrix, according to Monserud and Leemans (1992) [54] . All these procedures were performed firstly to the phytophysiognomies general level, then to the more detailed level according to Oliveira Filho (2009) [1] , first and fifth taxonomic level, respectively. The flowchart below ( Figure  3 ) summarizes the methodological procedures applied to classify the physiognomies at both taxonomic levels. 
Results and Discussion
Phytophysiognomies and Landscape Relationships
From the input dataset with 48 covariates (four representing geomorphological aspects of landscape and 44 represented by the Sentinel-2 MSI bands, dry and wet seasons, and red-edge derived indices) a correlation analysis was performed with all the numerical models (continuum data), based on all samples collected to represent the physiognomy patterns. Pearson's correlation allows a better understanding regarding the covariates which are highly correlated among each other and should be eliminated to produce a simpler explanatory model [52] . To perform this analysis, the 
Results and Discussion
Phytophysiognomies and Landscape Relationships
From the input dataset with 48 covariates (four representing geomorphological aspects of landscape and 44 represented by the Sentinel-2 MSI bands, dry and wet seasons, and red-edge derived indices) a correlation analysis was performed with all the numerical models (continuum data), based on all samples collected to represent the physiognomy patterns. Pearson's correlation allows a better understanding regarding the covariates which are highly correlated among each other and should be eliminated to produce a simpler explanatory model [52] . To perform this analysis, the categorical data, as Landforms and Geomorphons maps, were excluded once this analysis was correctly applied considering only the numerical models remaining at the correlation analysis (46 covariates).
Initially, 26 covariates were removed due to the redundancies with other potential predictors for the first taxonomic level and 25 were removed at the fifth taxonomic level, which is represented in Figure 4 . When the correlation analysis was performed with the samples for the first taxonomic level, the same covariates were dropped due to the redundancy, except for the NDVIre1 from the dry season (September) that was kept at the fifth taxonomic level.
Among the covariates that were kept in the analysis, the bands 3 and 5 (for both seasons), and indices obtained from bands 6, 7, 8, and 8A calculated as [26] (Table 2) , also for both seasons (NDVIre3, NDVIre4, NDVIre5, and NDVIre6).
The NDVI index calculated with band 5 (NDVIre2), IRECI, CLre, and NDRE according to Frampton et al. (2013) [27] (Table 2) , for both seasons, were dropped due to the redundancy with other indices that present greater potential as a predictor, for example CLg and SAVI (Figure 4) . At the end of the correlation analysis to the first taxonomic level 22 covariates remained, while to the fifth taxonomic level 23 were kept for classification procedures.
Posteriorly to the Pearson correlation analysis performed to avoid redundancy among covariates, the input dataset with the select samples and covariates was defined for each taxonomic level (Table 1) , and the descriptive statistics to the samples from the fifth taxonomic level are presented in Table 3 , for the training and validation samples, and its respective patterns regarding covariates variability.
The descriptive statistics show that both (training and validation) datasets are consistent regarding the patterns of covariate variability presenting similar median values (Table 3 ). This behavior among the training and validation dataset was expected and allowed to proceed with the analysis assuming that were no noticeable differences among datasets. In this sense, all samples can be used to calibrate the final model, and the partitioned training and validation dataset can be used to obtain the statistical indices from the confusion matrix.
Another approach used to reduce the covariates dataset is presented by Liaw and Wiener (2002) [49] and Breiman (2001) [50] , which is based on the assessment of the covariate's importance regarding the contribution in model's accuracy (Figure 5a ,c) and regarding node purity by decreasing in Gini coefficient (Figure 5b,d) . The graphics show the behavior of accuracy and Gini coefficient (node purity) when each covariate is removed from the model.
Once all the covariates that were kept after redundancy analysis presented positive influence on the decrease in accuracy and node purity ( Figure 5 ) the rank analyses were performed to better understand the influence of RE indices, Sentinel-2 MSI bands, and morphometric characteristics at the physiognomies and for each class. Figure 5a ,b presents the covariate importance for the first taxonomic level, and Figure 5c ,d correspond to the fifth taxonomic level. To perform the calibration of the RF model and related analysis, as the importance rank, all samples were used, assuming that there are no substantial differences among training and validation datasets, as described in Table 3 . In this sense, Figure 6a presents the relative importance of the remaining covariates to each phytophysiognomies at the detailed level, that considers soil depth (fifth taxonomic level). Figure 6b presents the cumulative relative importance considering the average of covariate's contribution to predict all physiognomies at the fifth taxonomic level, also providing a ranking of importance. Directly or indirectly, soil properties and spectral responses of vegetation detected by remote sensors have been related in several studies [25, 55, 56] . The correlation can be explained by high clay content in subsurface horizons, natural fertility presented by some soil types, or even due to the organic matter levels in the topsoil [57] . Despite the coarse-scale of thematic maps ( Figure 2 ) the strong relation among lithotypes, soil types, and consequently, the phytophysiognomies, are well recognized in field scale and represented in the models by Landform and Geomorphons maps, which were categorical covariates derived from the DEM (Figure 4) . The comparison among both categorical maps reveal a greater potential of Geomorphons map as a predictor on data mining procedures, probably due to the best adjustment of the detail level (scale) of the current analysis [58] .
Morphometric aspects present great importance to classify vegetation, as can be observed by the constancy of Elevation, Slope, and Geomorphons as the top 10 covariates that explain the different vegetation forms at the study area ( Figure 5 ).
According to Webster (1995) [10] the increasing altitude and topographic irregularity in mountainous environments can influence the heterogeneity of landscapes, interfering in the circulation of air masses and exposure to the sun's rays, and consequently influence the pattern of vegetation forms and occurrence. Streher and Silva (2015) [12] studied phenological differences among phytophysiognomies in a similar region in Southeastern Brazil (Meridional Espinhaço ridge) by using indices with red and near infra-red bands and highlighted the changes on spectral response due to the topographic and climate conditions. Based on the previous correlation analyses and the rank of covariates importance provided by the model using all samples (training and validation), the potential of bands 5 and 6 to distinguish vegetation types are remarkable ( Figure 5 ) since both bands ranked in the top five for general importance at the two taxonomic levels. However, red-edge indices as SAVI, CLg, NDVIre6, and NDVIre1 were also well placed, contributing mostly with node purity. These indices were also calculated using bands 3, 7, 8, and 8A, showing the potential of all bands at the red-edge position to distinguish differences among vegetation types, corroborating the research of Clevers and Gitelson (2012) [28] and Fernández-Manso et al. (2016) [26] .
Once all covariates showed decreasing of accuracy and node purity, which means that no one has a negative contribution (lower than zero) to those statistical indices, all covariates were used at the model calibration process. The bands of December (wet season) showed in general higher importance to distinguish vegetation physiognomies, when compared to the September images. The phenological variability of Savannas and Broadleaved scrub formations are noticeable, while the Broadleaved forest and dwarf-forest changes are subtle, as noted along with field campaigns. In this sense, covariates that distinguish the contrast between the phytophysiognomies showed better potential as a predictor to be used at data mining procedures, as for example the SAVI and CLg indices. As observed by contrasting indices and bands by visual analyses, the SAVI index from the wet season could indicate the fragment of Broadleaved forest over deep soils from gneiss rocks, which could provide better edaphological conditions regarding soil moisture and nutrients.
The CLg index from the dry season showed relative importance for all ranks ( Figure 5 ), corroborating the visual analysis, where the transition and shape of distinct formations are well marked. Clevers and Gitelson (2012) [28] , have successfully used CLg and CLre indexes to predict canopy chlorophyll content, which partially agrees with the present study, once the CLg index presented importance according RF rank and CLre was dropped after redundancy analysis. Fernández-Manso et al. (2016) [26] used red-edge spectral indices to discriminate burn severity at the burned regions in the Mediterranean using both Chlorophyll Indexes and NDVI. Frampton et al. (2013) [27] evaluated the potential of IRECI, and NDVI2 derived from Sentinel 2-MSI to estimate canopy chlorophyll content and leaf area index finding high correlations among these indexes and biophysical aspects of vegetation forms. The covariate importance rank provided by the RF model shows a general evaluation of importance; however, in order to better understand the relationship among covariates and each phytophysiognomies, further analyses were necessary. Addressing this issue, a detailed analysis of the covariate's importance for each phytophysiognomies in the two instances of classification reveals similar importance to the first and fifth taxonomic levels.
In this sense, Figure 6a presents the relative importance of the remaining covariates to each phytophysiognomies at the detailed level, that considers soil depth (fifth taxonomic level). Figure 6b presents the cumulative relative importance considering the average of covariate's contribution to predict all physiognomies at the fifth taxonomic level, also providing a ranking of importance. Figure 6 shows higher relative importance to the DEM, Slope, and Geomorphons representing geomorphological aspects; and remarkable importance from Sentinel-2 MSI bands and indices, respectfully in the following order: B05, B06, B03, NDVIre1, SAVI, CLg, and NDVIre6. The analysis corroborates the importance presented by these indices in model accuracy and node purity ( Figure 5 ). Corroborating previous visual analysis of the images, bands 5 and 6 at the wet season showed effectiveness to distinguish Bushy grassland and Broadleaved scrub, both over shallow soils. Figure 6 shows higher relative importance to the DEM, Slope, and Geomorphons representing geomorphological aspects; and remarkable importance from Sentinel-2 MSI bands and indices, respectfully in the following order: B05, B06, B03, NDVIre1, SAVI, CLg, and NDVIre6. The analysis corroborates the importance presented by these indices in model accuracy and node purity ( Figure  5 ). Corroborating previous visual analysis of the images, bands 5 and 6 at the wet season showed effectiveness to distinguish Bushy grassland and Broadleaved scrub, both over shallow soils.
The detailed analysis considering the importance for each phytophysiognomies presents a gain when compared with the RF importance rank once a particular behavior of some covariates can be highlighted, as can be observed for Broadleaved forest over deep soils (FLd) , showing the importance of the SAVI index to identify forests with higher canopy and density. On the other hand, the same type of forest, but with shallow soils (FLs) is well-marked by B06 and relief conditions (Geomorphons). The Broadleaved scrub (Als) presented a direct correlation with bands 03 and 05 and can also be observed in Figure 6 . One of most expressive physiognomies at the area, as observed during field campaigns, was Bushy grassland (CLs), where the elevation conditions together with The detailed analysis considering the importance for each phytophysiognomies presents a gain when compared with the RF importance rank once a particular behavior of some covariates can be highlighted, as can be observed for Broadleaved forest over deep soils (FLd) , showing the importance of the SAVI index to identify forests with higher canopy and density. On the other hand, the same type of forest, but with shallow soils (FLs) is well-marked by B06 and relief conditions (Geomorphons). The Broadleaved scrub (Als) presented a direct correlation with bands 03 and 05 and can also be observed in Figure 6 . One of most expressive physiognomies at the area, as observed during field campaigns, was Bushy grassland (CLs), where the elevation conditions together with band 6 could explain the occurrence pattern of this physiognomy, which were directly related with sandy soils at the uplands.
Regarding the usage of the RF algorithm, the main justification is due the robustness of process modeling regarding the data noises and parameter adjustment. Additionally, many works of literature adopted this model with success to classify vegetation types, as Reece et al. (2019) [59] and Ayala-Izurieta et al. (2017) [60] , for example. Additionally, as we tested many covariates and model parameters to predict the physiognomies, the importance rank provided by the Random Forest algorithm consistently supports the analysis of relations among the predicted classes and the input covariates, as well corroborating the field observation regarding landscape conditions and class distribution at the ISP area. The covariate importance analysis allowed to better understand the importance of each covariate to the predictive the models pointing out that the bands 3, 5, 6, and 8 and the index NDVIre1, SAVI, CLg, and NDVIre6 have a consistent contribution corroborating the accuracy and node purity ranks, being relevant to recognize physiognomies occurrence patterns at the ISP area.
Mapping Phytophysiognomies
The procedures to create the vegetation maps comprises firstly, the algorithm training by using the training dataset and the selected covariates; secondly, the algorithm validation by using a different sample dataset not used in training procedures; at least the modelling was calibrated with all samples and applied to predict the classes for the entire area. For both taxonomic levels predicted in this study, the RF models presented excellent values for kappa indices in the training procedure (0.97 for both taxonomic levels) showing that the training dataset could well capture the patterns of occurrence for each vegetation type.
As expected, when the model was contrasted with a different sample set, the accuracy level decreased, although the values were still reasonable for supervised classification of heterogenous vegetation forms with different distribution at the area (kappa = 0.56 to 0.72 and overall accuracy = 61.7% to 76.7%). The results are similar to those found by Immitzer et al. (2016) [61] mapping crops and tree species through Sentinel 2-A MSI data, which ranged between 65% (tree species) and 76% (crop types). The poorer performance for the validation procedure is probably due to the difficulty to capture variations among general physiognomies regarding with soil depth. Table 4 presents the confusion matrix from the validation dataset, not used in model training, for both taxonomic levels by using the Random Forest algorithm to classify phytophysiognomies. By analyzing the confusion matrix (Table 4) , it is possible to understand the classification errors for each predicted vegetation class, particularly for the Broadleaved dwarf-forest (NLd), that presented lower values to producer accuracy (range 13.3%-50%). It is mainly due to the confusion with other classes as Bushy grassland (CLs) and Shrubland savanna (SA) at the fifth level, which also presents a sparse canopy. The user's accuracy (UA) represents the purity of the predicted class, which means how many validation samples were correctly classified (commission error); while the producer's accuracy represents the estimative in class distribution, showing how many samples were correctly assigned to their classes by the RF classifier (omission error). Among the vegetation forms, the Bushy grassland (CL) presents the lower canopy and dense soil covering with gramineous when compared with the other classes, being restricted to the higher areas of the park, with shallow and sometimes organic soils, over rock outcrops. The algorithm showed a confusion to distinguish the occurrence patterns of both of this formation with Broadleaved dwarf-forest (NL).
Savannas, in general, presented few confusions among each other, being more noticeable the confusion from the Parkland Savanna (SLs) and Broadleaved forest over shallow soils (FLs) being more noticeable, although their landscape conditions were different. In this sense, to separate these classes, more field samples should be collected, or better predictors should be selected. Savanna phytophysiognomies present more variability regarding landscape and climate conditions, including differences regarding substrate (soil depth), which justify the usage of more detailed taxonomic level to classify these physiognomies at the ISP area. Further studies should approach a better scale of thematic maps, as soil and geology maps or even mapping attributes as soil depth which can be useful for distinguish phytophysiognomies according land support and soil capability.
On the other hand, the formations with high canopy and over deep soils, as the Broadleaved forest (FLd), were better recognized by the algorithm at both taxonomic levels presenting to Producers and Users accuracy values ranging between 83.9% and 100% (Table 4) , probably due to the consistent spectral reflectance of the species along the seasons, as observed by visually analyzing the images for the different seasons. Despite the differences regarding soil conditions, the FL presented confusion with Broadleaved dwarf-forest (NL) and Broadleaved scrub (AL) at the first level.
The differences regarding both taxonomic levels could be explained due difficulties to capture the patterns to detailed level, since the taxonomic criteria depend on detailed soil information. Figure 7 presents the maps created through machine learning (Random Forest model) to the phytophysiognomies at the two taxonomic levels. Figure 7a,b highlights the vast extension of Broadleaved dwarf-forests (ranging between 61.2% and 54.81% (first and fifth taxonomic levels, respectively), mainly related to the quartzites escarpments that predominate in the ISP area. The Broadleaved forests, with higher canopy, are less common, as highlighted by Figure 7c , representing around 1.38% of the area.
As was expected by the observations during field campaigns, that the complex structural relief controls water dynamics and consequently soil formation. Costa et al. (2018) [25] studying the variability of soil properties in Itatiaia National Park, also in the Southeastern region of Brazil, highlighted that variability of landscape position and lithology types in complex geomorphological areas make it more challenging to find a clear pattern in which to base analyses of soil property variations, organic matter in their study case. Dias et al. (2002) [40] highlight the strong dependence of vegetation variability with water content, which, in turn, varies according to the geo-environment characteristics (soil, relief, and geology), corroborating the restricted occurrence conditions of some Despite the poor performance of Users and Producers accuracy for Broadleaved forests over shallow soils, the models' generalization could well represent the occurrence of these physiognomies at the area (Figure 7c ). Regarding the Broadleaved forests over deep soils, the extension is more restricted (less than 0.5%), since it occurs only in the hollows over sandy soils and colluvium deposits, and for this reason the Geomorphons map shows great importance to map this physiognomy (Figure 6a ). In addition, for this physiognomy bands 5 and 6 presented remarkable importance since they capture differences regarding canopy height and tree density. As observed during the field campaign the excellent performance to classify Broadleaved forests over deep soils, at the fifth taxonomic level, was justified due to the landscape occurrence conditions, restricted to a large fragment in undulated slopes, altitudes higher than 1500 m, mainly over Cambisols developed from gneiss rocks (Figure 2c , e).
For this particular formation the SAVI index and NDVIre1 (September) were important (Figure 6a ) and may be retreating soil conditions. The results justify the usage of the more detailed taxonomic level to distinguish the variability of Broadleaved physiognomies, being more reliable with field observations. A brief analysis of the map at the detailed level (Figure 7b ) allows to observe that most of the Broadleaved forests are developed under deep soils, and that Broadleaved scrub and Shrubland savanna over shallow soils and with rock outcrops are spread interspersing among each other (Figure 7d ), and sometimes with local presence of forests with higher canopy, as observed in the field campaigns related with Broadleaved forests and Parkland Savannas (Figure 7c) . Broadleaved scrub occupies an area ranging between 13% and 14%. The RF model for both taxonomic levels predicted around 15%-17 % for all Savanna formations (Parkland savanna, Shrubland savanna). Figure 7c highlights the subdivision of Savannas' formation according to presence or absence of rock outcrops at the most detailed classification level (SAs, SAr, respectively) representing approximately 9% of the total ISP area, while at the first level this vegetation class represents 10% of the area, being more generalist regarding soil differences. Regarding the Parkland Savanna distribution this formation ranges between 5% and 7% of total ISP area, for the fifth and first level respectively. Figure 7a ,b highlights the vast extension of Broadleaved dwarf-forests (ranging between 61.2% and 54.81% (first and fifth taxonomic levels, respectively), mainly related to the quartzites escarpments that predominate in the ISP area. The Broadleaved forests, with higher canopy, are less common, as highlighted by Figure 7c , representing around 1.38% of the area.
As was expected by the observations during field campaigns, that the complex structural relief controls water dynamics and consequently soil formation. Costa et al. (2018) [25] studying the variability of soil properties in Itatiaia National Park, also in the Southeastern region of Brazil, highlighted that variability of landscape position and lithology types in complex geomorphological areas make it more challenging to find a clear pattern in which to base analyses of soil property variations, organic matter in their study case. Dias et al. (2002) [40] highlight the strong dependence of vegetation variability with water content, which, in turn, varies according to the geo-environment characteristics (soil, relief, and geology), corroborating the restricted occurrence conditions of some physiognomies, as the Broadleaved forest over deep soils (Figure 7c ). The authors classified the park area in eight geo-environments, relating vegetation types and landscape variability, justifying the usage of more detailed classification levels that better capture the soil-landscape relationship, as presented in this research.
The Bushy grasslands were well recognized by the RF models and the relation with topographic and edaphic conditions are remarkable once this phytophysiognomies occurs at the higher altitude over organic soils (Histosols), corroborating the study of Streher and Silva (2015) [12] at the Espinhaço ridge, in southeast Brazil. Sentinel-2 MSI bands 5 and 6 were important predictors to achieve the success to map this class at the ISP area (Figure 6a ), regarding elevation. In this sense, Sentinel-2 MSI data could improve vegetation assessment at a local scale in the present study case, corroborating Ramoelo et al. (2015) [62] . Although for the detailed level the Bushy grasslands presented considerable confusion with Broadleaved dwarf-forest that can lead an over estimation of the CLs occurrence, which are twice the area predicted at the first taxonomic level.
In general, the distribution of phytophysiognomies patterns corroborates the mapping carried out in the ISP by Oliveira-Filho et al. (2013) [2] . These authors report that the predominant landscape conditions of Savanna and Grassland physiognomies comprise the highest elevation levels, shallow soils, and steep slopes; as well, the most representative vegetation cover of the ISP area corresponded to the dwarf forests, as the results presented in this current research (Figure 7) . The authors also highlight that Broadleaved forests over shallow soils are strongly related to the local drainage network, hosted at the relief depressions in the valley floor, where there is high removal of sediments. The few differences in distribution and representativeness of phytophysiognomies in the ISP should be interpreted with caution due to the methodological difference employed in mapping from Oliveira-Filho et al. (2013) [2] , which was based on visual interpretation, unlike the present study that is machine learning-based.
Attending the objectives, the data mining technique was capable of predicting distinct phytophysiognomies representing classes with large occurrence at the area, as Broadleaved dwarf-forests for example, but also classes with restrict occurrence such as the Broadleaved forests and its variations regarding subtracting aspects (geology and soil depth) in a quantitative way. Physiognomies of the Broadleaved forest were also identified based on the strict spectrum of leaf area and reflectance, by using red-edge indices and bands. Even the formation with particular occurrence conditions, such as Bushy grassland and Broadleaved scrub, have the occurrence pattern recognized and extrapolated consistently for the area, being intrinsically related with the elevation and climate conditions since the first one occurs mainly on the north portion of the area, which is higher and colder than south portion where Broadleaved scrubs are dominant.
In synthesis, the approach based on remote sensing data and data mining techniques proves to be useful to map distinct phytophysiognomies in the ISP area, capturing differences regarding leaf area, vegetal morphology, density, and microclimate variability. Red edge bands showed to be useful to distinguish vegetation types, corroborating the study performed by Adam et al. (2014) [63] , with RapidEye images. In addition, the field sampling method used was successful to select distinct vegetation patterns in the accessible area considering the access difficulties presented in studies on environmental conservation unities.
Despite the errors presented at the confusion matrix for some classes, the model's generalization overmatched the expectation of being reliable according to field observations. Trisasongko et al. (2017) [64] compared different algorithms to classify vegetation at tropical landscapes and pointed out that among the tested classifiers the tree-based models presented a higher accuracy using all possible data configurations. The current research also corroborates De Luca et al. (2019) [65] research, which compared RF and Support Vector Machine algorithm to classify structurally complex Mediterranean forest (cork oak woodlands), having found better performance to RF models; although, for their research the kappa values were superior (0.928 to 0.973), probably due the quality of input data (images from unmanned aerial vehicles-UAVs). One of the advantages in the use of remote sensing data and data mining techniques to map vegetation types is the possibility of improvements on vegetation maps, through better-fitted models, more field data, or the availability of sensors with better spectral and spatial resolution, as exemplified by the approach presented in this study.
Conclusions
The bands and indices placed at the red-edge positions showed to be a useful tool to distinguish different phytophysiognomies at both taxonomic classification levels adopted. The red-edge indices as Chlorophyll index (CL), and Soil-adjusted vegetation index (SAVI), and bands 3, 5, and 6 from Sentinel-2 MSI satellite presented a noticeable importance, particularly for the Broadleaved scrub (AL), Bushy grassland (CL), and Broadleaved forest (FL) classes.
The intrinsic relationship between phytophysiognomies, geology, and soil was pointed out by the quantitative approach where Elevation, Geomorphons, Landforms, and Slope maps (in order of importance) could aid the generalization of a predictive model once it is defined, in a consistent way, for both taxonomic levels the physiognomies with restricted occurrence at the area, such as AL, CL and FL.
The detailed level of taxonomic classification could represent the vegetation patterns regarding the Savannas variability and the spatial distribution of Broadleaved forests well, justifying the use of the taxonomic system proposed by Oliveira-Filho (2009) that allows inserting components related with abiotic aspects, such as soil depth and presence of rock outcrops at the most detailed level. Although there is a wide statistical difference among both vegetation maps at the fifth level, they present values of kappa index equal to 0.56; whereas for the first level the value corresponds to 0.72. One of limitations to distinguish formations at the area is probably due the absence of soil information at a detailed level.
